Introduction
Lung cancer is one of the most harmful forms of cancer, which is the leading cause of cancer death in many regions of the world (Ahmedin Jl et al.,2005) . The overall 5-year survival rate of lung cancer patients is only 14%, and remained at this level for the past two decades. However, when lung cancer is found at the early stage I or II, 5-year survival rates can be as high as 60-70% ( Beadsmoore CJ et al.,2003) . Early diagnosis of lung cancer was only 15% ( Li YR et al., 2007) . Although histology diagnosis is the most accurate detection method in the medical environment, it is an aggressive invasive procedure that involves risks, discomfort and trauma, which restrict it to be used in the clinical practice. Digital CT (Computed Tomography), overcoming the shortages of histology diagnosis, has gradually become the best imaging diagnosis method of lung cancer. CT enables us to visualize lung anatomy in great detail and has been used to accurately diagnose lung diseases since the 1980s (Ye X et al.,2006) .Detecting and diagnosing solitary pulmonary nodules (SPNs, referring to the lesion of lung field ≤ 3 cm in diameter), the most common manifestation of lung cancer, are critical since early identification of malignant nodules is crucial to the chance for successful treatment. But pulmonary nodules of lung cancer in CT images share similarity with benign cases to some extent, such as tuberculosis, inflammatory pseudotumor, hamartoma, and aspergillosis (Jee WC et al.,2008) , which makes it difficult to distinguish, especially for the doctors who are not rich in clinical experience. With technique of computer rising, the computer-aided diagnosis (CAD) has become an auxiliary diagnosis tool (Jiang J et al.,2007) , especially in diseases that can not be diagnosed efficiently. To improve the accuracy and efficiency of CT screening programs for the detection of early-stage lung cancer, a number of
Protocols of CT scan
In this study, the chest CT examinations were performed by using 64 detector-row helical CT (Cardiac-64, Siemens Medical systems, Germany) with the following parameters: 0.5s tube rotation and 1.5 pitch. A caudal-cranial direction scan was performed during an aspiratory breathhold and no contrast was used. Images were obtained from the level of the lung bases (posterior recesses) to the lung apex with the help of a scout view. Exposure settings were 150 mAs and 120 kVp. The fields-of-view were large enough to cover the complete lung cross-section. Each chest CT examination was reconstructed using two different settings immediately after imaging with the following three combinations of section thickness/increment and kernel: (A) 1.0mm/1.0 mm and a soft kernel (Siemens B30 filter), (B) 1.0 mm/1.0 mm and a sharp kernel (Siemens B60). The Siemens B30 kernel is the standard soft-tissue reconstruction kernel, and B60 is the bone reconstruction kernel, widely used in high resolution chest CT at normal. Images were displayed with a lung (level, −600 HU and width, 1500 HU) and mediastinal (level, 30 HU and width, 400 HU) window settings. Slice thickness and reconstruction intervals for routine scanning were 1-5mm.Data were reconstructed with a matrix of 512×512. Diameter range is 1.0-3.0 cm.
Methods of texture extraction
Nowadays, the methods of texture extraction can be classified into four parts: statistical method, model method, spectrum method and structural method. The basic procedure of texture analysis is to extract texture of images using different methods and then run a set of mathematical texture operators to produce a corresponding set of texture feature values in order to describe character of images. Co-occurrence is one category of Statistical methods, which is a measure of the relative frequency or joint probability of two image properties occurring under predefined constraints, across the domain of an image. Gray level co-occurrence matrix (GLCM) is the most widely used texture analysis method in biological imaging (Ondimu SN et al.,2008) . GLCM holds potential for analyzing segmented images of biogenic sedimentary structures because it can be used to analyze multi-scale differences in image texture (Honeycutt CE, et al.,2008) . ROIs (small pulmonary nodules) were segmented using gray level threshold algorithm (Chou YC et al.,2007) . Fig. 1 shows an example CT scan and a segmented slice of small pulmonary nodule. Using this segmentation algorithm, the small pulmonary nodules images were generated. Curvelet transform, a kind of spectrum method, stems from Wavelets theory, but it overcomes the weakness of traditional multiscale representations using wavelets, and is suitable to capture more directional features in an image. The main formulas offering to Curvelet transform are as followed:
where R θ is the rotation by θ radians and Energy is defined to measure the number of repeated pairs, which is expected to be high if the occurrence of repeated pixel pairs is high. In statistical mechanics, entropy is defined as a factor or quantity that is a function of the physical state of a mechanical system and is equal to the logarithm of the probability of the occurrence of the particular molecular arrangement in that state. Inverse Difference Moment tells us about the smoothness of the image, like homogeneity. The IDM is expected to be high if the gray levels of the pixel pairs are similar. Inertia reflects the roughness of texture, which is expected to be low if the more elements are near to diagonal line of matrix when texture is rougher. Correlation is expected to measure the relevance of the gray of pixel. Sun-mean (mean) and Differencemean provide the mean of the gray levels of the image. The sum-mean is expected to be large if the sum of the gray levels of the image is high. Standard deviation tells us how to spread out the distribution of gray levels . The variance is expected to be large if the gray levels of the image are spread out greatly. Results in the pixel pair is most predominant in the image. The Maximum probability (MP) is expected to be high if the occurrence of the most predominant pixel pair is high. The mean of the gray reflects the central tendency of the gray. Cluster tendency measures the grouping of pixels that have similar gray level values. Homogeneity measures the local homogeneity of a pixel pair. The homogeneity is expected to be large if the gray levels of each pixel are similar. Curvelet transform is a new image representation approach that codes image edges more efficiently than wavelet transform. Curvelet will be better than wavelet in following cases (Candes EJ et al.,2006 ) : 1. Optimally sparse representation of objects with edges. 2. Optimal image reconstruction in severely ill-posed problems. 3. Optimal sparse representation of wave propagators. Some studies have been done using Curvelet transform in image processing. Dettori and Semler(Lucia D et al.,2007) presented a comparative study between Wavelet, Ridgelet and Curvelet transform on some computed tomography (CT) scans. The comparative study indicated that Curvelet yields better results than Wavelet or Ridgelet.
logistic regression, discriminant analysis, artificial neural networks, and support machine vector. Because the same patient has many CT images, that is, there is correlation among CT images of one patient. Common mathematical methods, such as logistic regression, discriminant analysis, are not appropriate to predict the characteristics of pulmonary nodules. Multilevel modeling techniques are appropriate when there is correlation among clusters of subjects. It is the presence of within-cluster correlation that justifies the use of a multilevel (hierarchical) model, and correlation multilevel modeling without within-cluster does not provide benefit (Kim DG et al.,2007) . Now we take establishing prediction model of CT images for example. The authors identified there is correlation among CT images of one patient, so multilevel models were fitted to a two-level hierarchy and used to identify factors affecting texture features of benign and malignant CT images for individual casualties. By establishing a multi-level model of texture features of pulmonary nodules, the characteristics of pulmonary nodules in the CT images could be better described , which profit early identification of small pulmonary nodules. We make small pulmonary nodules CT 
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SVM is a popular classifier based on structural risk minimization principle (Vapnik VN.,1998) , which could minimize the generalization error of the classifier. Recently, SVM has gained much attention as a useful tool for image recognition. Youngjoo Lee (Youngjoo L et al.,2009 ) investigated the performance of Bayesian classifier, ANN (artificial neural net) and SVM (support vector machine) for differentiating obstructive lung diseases using texture analysis. Results showed that SVM showed the best performance for classification. The same result had been got by Michael E. Mavroforakis (Michael EM et al.,2006) . Compared with other classifiers, such as Artificial Neural Networks, SVM aims to find the hyperplane that maximizes the distance from the hyperplane to the nearest examples in each class. An attractive feature of SVM is that it can map linearly inseparable data into higher dimensional space so that SVM can make them to be linearly separable. There are two types of SVM, linear and non-linear. The training data of linear SVM may be analyzed as either linearly separable or linearly non-separable. Given a set of training vectors (l in total) belonging to separate classes (x 1 ,y 1 ), (x 2 ,y 2 ), (x 3 ,y 3 ), … ,(x 1 ,y 1 ) , where x j ∈R n denotes the ith input vector and y j ∈{+1,-1} is the corresponding desired output. The maximal margin classifier aims to find a hyperplane w: wx+b=0 to separate the training data. In the possible hyperplanes, only one maximizes the margin (distance between the hyperplane) and the nearest data point of each class. The support vectors denote the points lying on the margin border (Huang YL,2005) . The solution to the classification is given by the decision function 
Examples
In the rest of the paper, we will provide two practical examples to explain the use of prediction model for small pulmonary nodules, which based on texture extraction to predict the characteristics of pulmonary nodules.
5.1.Example1:
Multilevel binomial logistic prediction model for malignant pulmonary nodules based on texture features of CT image.
The digitized CT image set used in this study contains 2171 ROIs (Region of Interests) extracted from 185 patients with small solitary pulmonary nodules, with 61 benign nodules and 124 malignant tumors. There were 107 men and 78 women (range of age, 19-80 years; mean ages, 58 years). The final diagnosis of 124 small peripheral lung cancers (diameter range, 1.0-3.0 cm; mean diameter, 2.0cm) was determined by either operation or biopsy. All the images were provided by the radiology department of Beijing Friendship Hospital affiliated to Capital University of Medical Science. The structure of data from 185 patients is postulated as hierarchical data, which consists of two different levels: level-1 consisting of image-level characteristics and level-2 consisting of patient-level characteristics. Image-level characteristics contain detailed information associated with individual images such as Energy, Contrast, and Inverse Difference Moment and the patient-level characteristics include sex and age. Fourteen image-level and two patient-level variables are used as independent variables in the analysis, and the benign and malignant pulmonary nodules as the dependent variables, 1 malignant, and 0 benign. Sex and age are patient-level variables (1 man, 0 woman ; 1 age >50.00 0 others). The descriptions of the fourteen image-level variables used in the study are provided in Table 1 . Besides, Table 1 gives formulas of fourteen GLCM textural features in the study (Dettori L et al.,2007; Yogesan1 K et al.,1996; Guo XH et al.,2008) . In this example, we used gray level co-occurrence matrix to get fourteen textural features and establishd multilevel binomial logistic prediction model (Wang H et al.,2010) . combining patient and image characteristics of textural features Results showd that Five texture features, including Inertia, Entropy, Correlation, Difference-mean, Sum-Entropy, and age of patients own aggregating character on patient-level, were statistically different (P<0.05) between benign and malignant small solitary pulmonary nodules. For multilevel binomial logistic models, the variance at the lowest level is completely determined by the population proportion (Kim DG et al.,2007) . SAS software (version 9.1, SAS Institute (Shanghai) Co., Ltd.) was used to perform the estimation of multilevel binomial logistic models. For obtaining estimates of between-and within-organization (or cluster) variance, null models were estimated ( Table 2 ). The intra-class correlation coefficient (ICC) is 0.1795 for CT images, indicating that 17.95% of the total variation in images exists between patients, and therefore may be explained using patients-level predictors. As a result, the patients-level predictors are useful for estimating statistical models for texture features of CT images. In other words, multilevel models for texture features of CT images are necessary. It should be noted that roughly 18% of the total variation in texture features of CT images is attributable to the variability between patients, which suggesting that texture features of CT images are significantly influenced by patient's characteristics. 
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Based on the results of null model estimation, one binomial logistic regression model and multilevel binomial logistic regression model can be used to estimate the texture features of CT images. Table 3 presents the estimation results of CT images model, in which image and patient features are included as predictors. For logistic regression models, the odds ratio is used to interpret the actual effects of estimated coefficients. Odds ratios are also provided in Table 3 . The results show that malignant pulmonary nodules in CT image are more likely to occur while Inertia is lower than 0.4435 (odds=1.494-1), Difference-mean is lower than 0.3315 (odds=1.332-1) or Inverse Difference Moment is higher than 0.8662 (odds=1.156-1) compared to benign pulmonary nodules. The results also show that malignant pulmonary nodules in CT image are less likely to occur while Entropy is lower than 0.8939 (odds =0.757-1), Sum-Entropy is lower than 2.4314 (odds =0.877-1) or Correlation is higher than 0.9754 (odds = 0.779-1) compared to benign pulmonary nodules. Malignant pulmonary nodules in CT image belongs to young patients (≤50) are less likely (odds= 0.503-1) than old patients (>50). These findings are consistent with warrants for old patients of the effects of small solitary pulmonary nodules. That means old patients are 49.7% ((1-0.503) ×100) more likely to get earlier period lung cancer than young patients. The sensitivity of multilevel binomial logistic prediction model was 90.6% for another 50 patients with small solitary pulmonary nodules, which had a good effect on prediction of small pulmonary nodules. The result of prediction would be improved with the enhancement of doctors' clinical experience.
Example 2:
Support vector machine prediction model for small pulmonary nodules based on Curvelet transform to extract texture features of CT image
In this example, we explore the use of Curvelet transform to extract texture features of pulmonary nodules in CT image and support vector machine to establish prediction model of small solitary pulmonary nodules in order to promote the ratio of detection and diagnosis of early-stage lung cancer. Results show that the classification consistency, sensitivity and specificity for the model are 81.5%, 93.8% and 38.0% respectively. 2461 CT images used in this study are extracted from 129 patients with small solitary pulmonary nodules, including 537 CT images (25 benign cases) related to benign nodule and 1924 CT images (104 malignant cases) to malignant tumors. The final diagnosis of malignant cases was determined by either operation or biopsy. The diagnosis of benign cases was confirmed by operation, CT diagnosis or follow-up. The original format is DICOM, and diameters of the chest nodules were from 0.3 cm to 3 cm. 129 cases were provided by four hospitals, and details are as follows: Beijing There are other methods used in published papers to select texture features. Wavelet transform was used to extract the texture features of chest radiography, and the Energy was as the only parameter to establish the prediction model (Huang PW. et al.,2004) . Lucia Dettori(Lucia D et al.,2007) selected Mean, StaDev, Energy and Entropy to establish the prediction model. Principal component analysis，a very useful tool to deal with colinearity, has various applications in texture extraction and tumor recognition (Zhang J et al.,2008) . Mohamed Meselhy Eltoukhy (Mohamed ME et al.,2010) used Curvelet transform to decompose mammogram images into 4 levels, then selected the largest 100 texture features as parameters. In order to select texture features which are more accurate to reflect characteristics of pulmonary nodules, we have made many attempts. Results were showed in table 6. In order to promote sensitivity and specificity, we had made some attempts to select proper texture features. Compared with other methods, 252 texture features were used as parameters to establish prediction model is more satisfying. Based on published reports, characteristics of pulmonary nodules can been detected by texture features. However, 2D images are irregular when decomposed, and the Curvelet transform is more suitable than the wavelet transform to extract texture features. The methods to establish prediction model are variable, such as multiple linear regression, logistic regression, discriminant analysis, artificial neural networks, but the result of support vector machine is better (Zheng Z et al.,2007) .In this research, we establish support vector machine prediction model for small pulmonary nodules using Curvelet transform to extract texture features of CT image, which has not been reported to our knowledge.
Sensitivity(%) Specificity(%) Consistency(%) 
Summary
In recent years, the incidence of lung cancer has been the top of cancers in the most countries. Because of the difficulty to diagnosis, more attention has been paid to lung cancer. Now the most accurate diagnosis method of lung cancer is histology diagnosis, but this method is traumatic, which restricts it to be used in clinical practice. In the decades, digital CT has been the main diagnosis tool of lung cancer for its convenience and safety, and widely used in clinical practice. However, it is difficult to distinguish between benign and malignant cases in the CT images of pulmonary nodules, especially for the doctors who were lack of experience. From two examples, we can make the conclusion that the prediction model is so sensitive that it can diagnose early-stage lung cancer effectively, reduces the difficulty of distinguishing characteristics of pulmonary nodules and improves accuracy rate of diagnosing early-stage lung cancer. 
